The importance of land surface-atmosphere interactions, principally the effects of soil moisture, on hydrological, meteorological, and ecological processes has gained widespread recognition over recent decades. Its high spatial and temporal variability however, makes soil moisture a difficult parameter to measure and monitor effectively using traditional methods. Microwave remote sensing technology has demonstrated the potential to map and monitor relative soil moisture changes over large areas at regular intervals in time and also the opportunity of measuring, through inverse modelling, absolute soil moisture values. This ability has been demonstrated under a variety of topographic and land cover conditions using both active and passive microwave instruments. The purpose of this paper is to review the current status of soil moisture determination from active microwave remote sensing systems and to highlight the key areas of research that will have to be addressed to achieve routine use of the proposed retrieval approaches.
Introduction
Surface soil moisture is a key parameter that influences numerous environmental processes that occur over a large range of spatial and temporal scales, yet despite its importance, soil moisture measurements are not routinely included in the modelling of these processes. This is due to the fact that soil moisture is difficult to measure on a large scale in a cost-effective and routine manner. In the past both optical, microwave and even Global Positioning System (GPS) reflected signals [1] [2] [3] [4] [5] have been explored and shown to be sensitive to the soil dielectric constant. Microwave remote sensors are particularly favoured, not only due to their sensitivity to variations in certain surface parameters but also because of their ability to penetrate most cloud cover conditions and their independence of solar illumination. They can provide recurrent and consistent surface soil moisture measurements which can benefit inter alia climate sensitive socio-economic activities such as agriculture and sustainable water management, and also measures such as flood and drought forecasting and monitoring, by extending the capability to predict water availability and seasonal climate [6] through improved modelling capabilities.
Microwave remote sensing encompasses both active and passive forms, depending on the sensor and its mode of operation. Passive sensors (radiometers) detect the naturally emitted microwave radiation within their field of view (all physical objects with a temperature above absolute zero (0 K/-273 °C) emit energy of some magnitude) and operate in a similar manner to thermal sensors, measuring the emanating electromagnetic radiation from the earth's surface or objects. In order to detect the low quantities of emitted microwave radiation [7] , the field of view for passive sensors must be large enough to detect sufficient energy to record a signal, resulting in a low spatial resolution (generally greater than 1 km). Active microwave sensors on the other hand provide their own source of illumination and measure the difference in power between the transmitted and received electromagnetic radiation. Active sensors can be divided into two distinct categories: imaging (radar) and non-imaging sensors (altimeters and scatterometers). Scatterometers are generally used to obtain information on wind speed and direction over ocean surfaces [8] , although numerous applications to soil moisture measurement have been used in the past [9] [10] [11] [12] [13] [14] [15] . Altimeters are primarily used to determine height measurements, traditionally over in the oceans and cryosphere, although applications in geodesy, hydrology and the atmospheric sciences have also been explored.
The sensitivity of active microwave sensors to soil moisture content has been successfully demonstrated in numerous studies [16] [17] [18] [19] [20] [21] as too have passive sensors [22] [23] [24] [25] . Similarly, a number of large scale field experiments have been carried out attempting to correlate the spatial and temporal variability of surface soil moisture under various land cover types to various airborne and satellite microwave measurements: ISLSCP Field Experiment [32] , SMEX03 [33] , SMEX04 [34] , SMEX05, AgriSAR2006 [35] , SMOSREX [36] and SMAPVEX08. Although it can be argued that most progress has been made with passive microwave sensors [37] , only active sensors meet the spatial resolution and coverage required for many of the applications of consistent soil moisture data. The main characteristics of the currently operating spaceborne Synthetic Aperture Radar (SAR) sensors along with some past and future sensors are summarised in Table 1 . All (satellite) microwave sensors previous to 2002 were capable only of single configuration observations where the influence of surface roughness and vegetation on the backscatter could not be easily differentiated from that of soil moisture. The launch of ENVISAT marked the beginning of the trend towards multi-configuration sensors, with the Advanced Synthetic Aperture Radar (ASAR) featuring greater capability in terms of coverage, range of incidence angles, polarisation and modes of operation than any of its predecessors. The increasing number of SAR satellites now available and the higher spatial resolution along with shorter revisit intervals offers greater potential than ever to improve the quality with which surface soil moisture can be retrieved from radar data [38] . Table 1 . Characteristics of major spaceborne SAR systems.
In spite of recent advances, development of robust methods for estimating surface soil moisture has proven to be extremely complicated. As a result, many different approaches have been developed to retrieve surface soil moisture content from various modes of SAR measurements. For the purpose of this paper, the emphasis of the discussion is on spaceborne active microwave remote sensing for TanDEM-X  SAR  X  Quad-pol  1  10-150  2009  RISAT  SAR  C  Quad-pol  3  30-240  2009  HJ-1C  SAR  S  HH, VV  20  -2009  ARKON-2  SAR  X, L, P  -2  -2011  Sentinel-1  C-SAR  C  Quad-pol  5  80-400  2011  MapSAR  SAR  L  Quad-pol  3  20-55  2011  KompSAT-5  SAR  X  HH, HV, VH, VV  20  100  2011  SAOCOM-1  SAR  L  Quad-pol  7  50-400  2011  RADARSAT  Constellation  Mission   SAR  C  Quad-pol  3  20-500  2012 -2014   SMAP  SAR  L  HH, HV, VV  3km  30-1000  2012   DESDynl  SAR  L  Quad-pol  25  >340  2015 surface soil moisture determination. A concise review of the physical basis behind SAR for soil moisture retrieval is presented along with a comprehensive exploration of all the major retrieval approaches as detailed in the literature to date.
Theory behind microwave remote sensing of soil moisture
Soil is a mixture of soil particles, air and both bound and free water [39] . As soil moisture increases, water is able to move more freely around the soil particles and it is this free water that has a dominant effect on the dielectric constant (ε). The theory behind microwave remote sensing of soil moisture is based on the large contrast between the dielectric properties of liquid water (ε ≈ 80) and dry soil (ε ≈ 6) which results in a high dependency of the complex dielectric constant on volumetric soil moisture (m v ). Given this dependency, it is possible to estimate soil moisture by measuring the dielectric constant which is in turn related to the intensity of the radar backscattering coefficient.
Factors affecting the microwave signal
The backscattering coefficient (σº) is the fraction that describes the amount of average backscattered energy compared to the energy of the incident field. The intensity of σº is a function of the physical and electrical properties of the target, along with the wavelength (λ), polarisation and incidence angle (θ) of the radar. Therefore, interpreting the microwave signal from a soil surface and determining how much of that signal is actually from the soil water content is extremely difficult and can often be referred to as an 'ill-posed problem'. Vegetation is probably the most important factor because a thick enough layer can totally obscure the soil surface from observation [40] . Vegetation above a soil surface absorbs and scatters part of the microwave radiation incident on it as well as the reflected microwave energy from underneath the soil surface. The amount that the vegetation absorbs is mainly a result of its water content while the scattering is influenced by its geometry. The effect of vegetation on backscattering decreases with increasing wavelength [41] . Shorter wavelengths (X-band, 3 cm) reflect from the upper surfaces of the vegetation canopy while longer wavelengths (L-band, 24 cm) penetrate further through the canopy and reflect from the soil surface. Intermediate wavelengths (C-band, 6 cm) generally reflect from both the canopy and soil surface. It has been shown by Brown et al. [42] that C-band data can penetrate the vegetation better when the vegetation is drier. Nonetheless, for optimum soil moisture retrieval, Ulaby et al. [39] recommended that longer wavelengths (L-band) with low incidence angles be used as they can minimise the effect of vegetation and surface roughness.
Surface roughness (expressed statistically in terms of rms height, correlation length and autocorrelation function) is another major limiting factor in soil moisture retrieval for which simple correction procedures are extremely difficult to develop. Altese et al. [43] studied the sensitivity of the radar signal to various land surface parameters over a short grass canopy and found that the most influencing parameter appeared to be the surface roughness. The effect of surface roughness can often be equal to or greater than the effects of soil moisture content on the backscatter [44, 45] and therefore determining these parameters and separating them from their contribution to the total backscatter is perhaps one of the most challenging aspects for active microwave soil moisture estimation.
Ulaby et al. [16] found that for incidence angles greater than 10º, the energy scattered back to the sensor increases with increasing surface roughness. In addition, precise field measurement of surface roughness is often difficult and becomes impractical and prohibitively expensive when larger areas are considered. Rahman et al. [46] suggests the long-established pin meter may be inadequate to characterise surface roughness due to its inability to measure subsurface rock fragments that have been shown to have an influence on the radar backscatter [47] .
Since natural surface parameters (soil moisture and surface roughness) cannot be controlled, many studies have focussed on how best to configure the radar sensor parameters for optimum soil moisture retrieval. Rao et al. [48] found multi-frequency measurements of σ o provided better estimates of soil moisture over those derived from single frequency. Srivastava et al. [49] and Baghdadi et al. [50] found SAR data (C-band) acquired at both low and high incidence angles produced better results in soil moisture estimates in comparison with results using a single incidence angle. Low to medium incidence angles (20 o -37 o ) were found by Holah et al. [51] to be optimal for soil moisture estimation, with HH polarisation more sensitive than HV to volumetric soil moisture content but less sensitive than VV, in agreement with studies by Li et al. [52] and Zhang et al. [53] , while Autret et al. [54] and Chen et al. [55] reported that the influence of surface roughness can be minimised using the copolarised ratio (HH/VV). Using multiple polarisations should, in theory, improve estimates. However, some studies disagree; for example Baghdadi et al. [50] concluded that the accuracy of soil moisture estimates did not improve when using two polarisations (HH & HV) instead of just one. Nonetheless, the general consensus from the literature is that low incidence angles, long wavelengths (L-band) and either HH or HV polarisation are the pre-eminent sensor parameters for soil moisture estimation. To take account of the various sensor configurations and surface parameters, many backscattering models [11, 56, 57] have been developed over the past 30 years to help determine the relationship between the radar signal and certain biophysical parameters, where numerous studies have been carried out to further the understanding of the effect of surface roughness [58] [59] [60] and vegetation [60] [61] [62] [63] in soil moisture estimation. These models are generally categorised into three groups; theoretical, empirical and semi-empirical models.
Model-Based Retrieval Approaches

Soil moisture retrieval using theoretical scattering models
Developing direct theoretical or physical models by simulating the backscattering coefficients in terms of soil attributes such as the dielectric constant and the surface roughness, for an area with known characteristics, is one of the most common approaches used to develop models for soil moisture retrieval [64] . In principle, the dielectric constant of the soil surface and hence the soil moisture content can be estimated from the mathematical inversion of these models. The standard theoretical backscattering models are the Kirchhoff Approximation (KA), which consist of the geometrical optics model (GOM) and physical optics model (POM), and the small perturbation model (SPM) [39] . These models can be applied in the case of specific roughness conditions and assume that the rms height, the correlation length and the dielectric constant are known. Generally, the geometrical optics model is best suited for very rough surfaces, the physical optics model for surfaces with intermediate roughness, and the small perturbation model for very smooth surfaces.
The integral equation model (IEM) is a physically based radiative transfer model developed by Fung and Chen [56] that unites the Kirchhoff models and the small perturbation model, making it more applicable to a wider range of roughness conditions, and in theory, not limited to any one location. The parameters required by the IEM to compute the backscattering coefficient are the sensor parameters, radar frequency, polarisation and incidence angle and surface parameters, dielectric constant, rms surface height, correlation length and the autocorrelation function. The IEM essentially quantifies (or simulates) the backscattering coefficient as a function of the unknown soil moisture content and surface roughness and known radar configuration and is given as follows:
where p is H or V polarisation, k is the wave number (where k = 2π/λ), k Z =k cosθ, k x =k sinθ, θ is the incidence angle, and s is the rms surface height. In the equations below, ε r is the dielectric constant of the soil, µ r is the relative permittivity, I n pp depends on k and s and on R h and R v , the Fresnel reflection coefficients in H and V polarisations respectively (see (6) and (7)), and is given by:
where: 
where p(x, y) is the surface correlation function whose distribution is Gaussian for high surface roughness values or exponential for low surface roughness values. The Fresnel reflection equations simulate the surface reflection coefficient (R H & R V ) as a function of the dielectric constant (ε r ) and the incidence angle (θ) based on the polarisation of the sensor. Using the reflection coefficient the dielectric constant can be estimated.
Since the IEM is valid only for single scattering terms attributable to surface scattering, the model is generally only used to invert soil moisture from bare soil surfaces [44, 65] where second order scattering is not considered, although in a later effort, Fung et al. [66] improved the model to take into account multiple scattering terms. However, due to the complexity of the model, the original version is rarely used and often replaced by approximate solutions [67] . Whereas the complete version describes the backscattering process from a bare soil surface without any limitation on frequency and roughness, the approximate solutions are only valid for low to medium frequencies and surfaces with low roughness. Many approximate solutions (and improvements) to the original version of the IEM have been developed [44, 57, [68] [69] [70] [71] and used in numerous studies with varying results [72, 73] . Baghdadi et al. [74] proposed a semi-empirical calibration of the IEM by replacing the required correlation length (l) with a calibration parameter derived from SAR data and field measurements and found the calibrated IEM to agree well with SAR backscatter measurements, as did Sahebi et al. [75] . This calibrated IEM was later modified by Baghdadi and Zribi [76] to include C-band HH and VV polarisation and found by Alvarez-Mosos et al. [77] to also show good agreement with the measured SAR backscattering coefficients. Some studies have found the original IEM to perform well even in vegetated areas [78] .
In order to invert the IEM and directly relate σº to the model predictions over both bare and sparsely vegetated surfaces, several algorithms have been devised based on the fitting of IEM numerical simulations for a variety of soil moisture and roughness conditions, including Look Up Tables (LUTs) [79] [80] [81] , Neural Networks (NN) [75, [82] [83] [84] , Bayesian approaches [85] [86] [87] and minimisation techniques (Nelder-Mead minimisation method devised by Nelder and Mead [88, 89] and later adapted by Paloscia et al. [89] ). Santi et al. [90] compared the performances of three of these approaches (Bayes, Neural Networks and Nelder-Mead minimisation) and found them to yield satisfactory results, although the Nelder-Mead minimisation tended to slightly overestimate soil moisture values. Similarly Paloscia et al. [89] compared the same three approaches with experimental data and found again all three to produce soil moisture values very close to the measured ones, but NN were found to be most suitable in terms of accuracy and computational speed.
However, some studies have reported poor correlations between the IEM simulations and σº retrieved from SAR data [91, 92] . Thoma et al. [93] found the IEM to perform poorly when used to estimate soil moisture over a semi-arid rangeland, possibly explained by the large amount of near surface rock fragments that had the effect of reducing the sensitivity of the backscatter to the volumetric soil moisture. Jackson et al. [46] confirmed the same effect and concluded that sub-surface rock fragments can cause the radar-perceived roughness to be much larger than ground measured surface roughness due to the multiple bounce effect caused by the rock fragments in addition to the scattering of the surface.
Since a priori information on the surface roughness is required, the use of the IEM for soil moisture retrieval over large areas is cumbersome due to the difficulty of describing the natural surface roughness conditions over such large areas, as those covered in radar image swaths. Additionally, due to the restrictive assumptions made when deriving them, they can seldom be used to invert data to a high degree of accuracy when measured over natural surfaces [6] .
Soil moisture retrieval using empirical scattering models
The difficulty encountered in the application of theoretical models has led to the development of empirical and semi-empirical models [94] . Empirical backscattering models have been employed to gain insight into the interaction of microwaves with natural surfaces through simple retrieval algorithms, with varying degrees of success [51, 95, 96] . At the same time, Baghdadi et al. [97] have reported no relationship between the backscattered signal and the measured soil moisture, even at three different incidence angles; 23 o , 39 o , and 47 o , citing low moisture content values and surface roughness as the probable cause. Due to the fact that these types of models are generally derived from specific data sets and in most cases, are valid only to the area under investigation, due to limitations in observation frequency, incidence angles and surface roughness, empirical models may not be applicable for data sets other than those used in their development [55] . As a result, there is no physical basis behind the models, therefore undermining their robustness. Another limitation of empirical models is that many in situ soil moisture measurements are required over time. Collecting high quality reference data and the compilation of SAR databases can be challenging and many studies have not produced meaningful results due largely to the lack of statistically significant databases. As a result, large databases over a variety of study sites are essential to ensure that developed (and proposed) models are robust and transferable to other datasets, irrespective of surface conditions and sensor configuration [98] .
Soil moisture retrieval using semi-empirical scattering models
Semi-empirical backscattering models represent a compromise between the complexity of the theoretical models and simplicity of empirical models and may be applied when little or no information about the surface roughness is available [99] . They are an improvement on empirical models in so much as they start from a physical background and then use simulated or experimental data sets to simplify the theoretical backscattering model [6] . The main advantage of these types of models is that they are not site dependent-a problem more associated with empirical backscattering models. The most widely used semi-empirical models include those developed by Oh et al. [10] , Dubois et al. [11] and Shi et al. [57] .
The Oh model [10] relates the ratios of backscattering coefficients in separate polarisations to volumetric soil moisture and surface roughness using the following equation:
o HH (9) [ ]
where p and q represent the co-and cross-polarised backscatter ratios, Г o is the Fresnel reflectivity of the surface at nadir given by:
and σ 0 is the backscattering coefficient in HH, HV and VV polarisation, m v is the volumetric soil moisture, ks is the normalised rms surface roughness and ε is the complex permittivity (dielectric constant). The model has an estimated validity range of 9 ≤ m v ≤ 31% & 0.1 ≤ ks ≤ 6. The radar measurements used for the Oh model were obtained using a truck-mounted polarimetric scatterometer operating at three frequencies (C-, L-and X-band) with an incidence angle range from 10 o to 70 o . The model addresses both the co-and cross-polarised backscatter coefficient but does not account for multiple or secondary scattering processes. The later presented and improved Oh model [100] was shown to agree well with experimental observations over a wider range of ks than the original model and also agreed with the IEM within its restricted range of validity. The primary advantage of the Oh models is that only one surface parameter (rms height) is required and, when multi-polarised data are available, both the dielectric constant and surface roughness can be inverted without the need for field measurements [101] . Although the model is based on truck-mounted scatterometer measurements, it has been applied successfully to airborne and spaceborne SAR measurements [102] . However, other studies have found the model not to produce such promising results [29, 103] . The Dubois model [11] accounts for co-polarised backscatter only and was formulated using scatterometer data collected at six frequencies between 2.5 GHz and 11 GHz: ( ) 
The inversion of these Equations (12) and (13), expresses the dielectric constant as a function of the HH and VV polarised backscatter and specific radar configuration parameters (wavelength and incidence angle). The estimated validity range of the retrievable surface parameters are m v ≤ 35% and k s ≤ 2.5 for incidence angles greater than 30 o . Studies using the Dubois model [64, 94] have generally found best results were achieved over bare to sparsely vegetated surfaces. The model only accounts for the co-polarised backscattering coefficients since they are less sensitive to system noise and are generally easier to calibrate and thus more accurate than cross-polarised backscattering coefficients. Additionally, given that only two polarisations are required, the model can be applied to dual polarised systems and not just fully polarimetric systems, as is the case for the Oh model. Furthermore, Ji et al. [103] found the Dubois model to produce better results than either the Oh or the IEM in both C-and L-band while Baghdadi et al. [76] found that the Oh, Dubois and IEM all tended to overestimate the radar response. The model developed by Shi [57] is not as commonly used as the previous models and is based on a regression analysis of simulated backscattering coefficients using the single scattering term of the IEM. The Shi model aims to provide a simplification of the IEM to make its implementation more practical and the model easier to invert. Unlike the Oh and Dubois models, the Shi algorithm was derived using only L-band measurements (both airborne and spaceborne) with an incidence angle range of 25 o to 70 o , but similar to the Dubois model, is valid only for co-polarised terms.
The semi-empirical models mentioned hitherto are, strictly speaking, only valid for bare soil surfaces. In some studies, the models have been shown to be quite accurate under sparsely vegetated soil surfaces [32] , although the errors increase with growing vegetation cover. On the other hand, the semi-empirical water cloud model, devised by Attema & Ulaby [104] , has been shown in various studies [105] [106] [107] to adequately represent the backscatter from a vegetation canopy as well as the underlying soil during the crop's phenological cycle. According to the model, the total backscatter at a co-polarised channel(σ°), is the incoherent sum of the contribution from the vegetation (σ°v eg ) and the soil (σ°s oil ), and the two way attenuation of the vegetation layer (τ 2 ). For a given incidence angle, the co-polarised backscatter can be given by: The water cloud model has been modified and implemented differently by various authors [108] [109] [110] [111] and despite its inconsistency during model implementation, it has found widespread use among the radar modelling community [112] with varying results. Dabrowska-Zielinska et al. [113] found the soil moisture contribution to the backscattering coefficient to be predominant over that from the vegetation for C-band, θ = 23 o , while for L-band θ = 35 o , the backscattering coefficient was more sensitive to the vegetation contribution. Conversely, Stolz et al. [114] found the model to be inadequate for reliable soil moisture estimation, possibly due to a poor model parameterisation. Since most natural surfaces are not bare and periodically covered throughout the year with some type of vegetation, the development of a robust canopy model is essential for reliably estimating spatially distributed soil moisture content.
Dielectric mixing models
The aforementioned models yield dielectric constant values as output (or require them as input, depending on the model and whether forward or inverse mode is used). To convert between these values and volumetric soil moisture a dielectric mixing model is required. The phenomenological Cole-Cole [115] and Debye [116] models relate the frequency behaviour of materials to the relaxation times and as a result need recalibration for each particular material or surface. In terms of soil dielectric properties, it is difficult to use these models to describe dielectric differences between varying soil types [117] as each new soil composition requires refinement of the model [118] .
Among the most common dielectric mixing models used in microwave remote sensing are the semiempirical ones developed by Topp et al. [119] , Wang and Schmugge [120] , Dobson et al. [121] and Perplinski et al. [122] .The model by Topp et al. [119] is the most widely used and does not account specifically for the soil properties or the dielectric constants of soil constituents. As a result it requires only values of dielectric constant as inputs into the model. In contrast, the model by Wang & Schmugge [120] , accounts for soil texture, bulk density and wilting point and these variables are required as inputs for the model. The semi-empirical dielectric mixing model developed by Dobson et al. [121] covers a broad frequency range, between 1.4 and 18 GHz, and provides both the real and imaginary components of the dielectric constant in terms of the soil texture (%sand, silt and clay), bulk density and volumetric soil moisture. The model by Perplinski et al. [122] is essentially an extension of that by Dobson et al. [121] to cover the 0.3-1.4 GHz range.
SAR data fusion
SAR data fusion or synthesis studies have come about as a direct result of the difficulties encountered in discriminating between the multiple influences on the radar backscatter and that from soil moisture. Most studies deal with either a) an integration of active (SAR) and passive (radiometer) microwave technologies or b) a combination of SAR and optical data, although some studies have estimated surface soil moisture from the synergistic use of two active microwave instruments. For example, Zribi et al. [123] developed an algorithm using a high temporal resolution scatterometer combined with the high spatial resolution SAR and observed high correlations (R 2 > 0.8) when soil moisture estimates were compared with ground measurements. Concerning a), this technique generally takes the form of using the high resolution SAR σº for determining surface roughness and vegetation biomass and then combining this with coarse resolution radiometer brightness temperature (T B ) for estimating soil moisture content [124] . Studies by Li et al. [25] , O`Neill et al. [125] , Njoku et al. [126] , Narayan et al. [127] , and Narayan et al. [128] found an integration of active and passive observations to be best for deriving estimates of soil moisture. Alternatively, Wang and Qi [130, 131] developed an approach using an ERS-2/Landsat TM synergy to minimise surface roughness and vegetation effects and extract soil moisture in sparsely to moderately vegetated areas. The ratio between two different SAR images (wet and dry seasons) was used to reduce the effect of surface roughness while Landsat data were used to calculate the normalised difference vegetation index (NDVI) to account for the influence of vegetation. Moran et al. [132] and Notarnicola et al. [133] used a similar data fusion approach and recommended the use of multi-temporal SAR/optical fusion for soil moisture studies.
Soil Moisture Retrieval Using a Change Detection Approach
The ability to detect temporal changes of certain surface phenomena can be seen as the main reason behind the increasing attractiveness of spaceborne satellite sensors for retrieving geo-and bio-physical information of the earth's surface, given their high spatial and temporal resolution. The very nature of SAR imaging (and all imaging) is that the surface or target under study can be described only at that one particular instance when the image was acquired. While many change detection techniques have been proposed and utilised for the analysis of images acquired by optical sensors, less attention has been devoted to change detection using SAR data [134] due to its inherent complexity in terms of processing and in the development of effective data analysis techniques to minimise speckle [135, 136] .
All the models described above are based on retrieving surface soil moisture from a single image. In the following, different change detection techniques for the retrieval of soil moisture from multi-date SAR imagery are discussed. While wavelet based change detection techniques for multitemporal SAR have been presented [136, 137] , the discussion in this paper is limited to the methods most commonly used for soil moisture retrieval; namely, differencing and ratioing, Principal Components Analysis (PCA), and interferometric coherence.
Image differencing and ratioing
Image differencing and ratioing are two of the simplest and most commonly used methods for change detection. Differencing involves the subtraction of backscatter intensity values between two different date images while ratioing divides the intensity values between the two dates, usually followed by a thresholding operation. The advantage of these techniques is that, in cases where surface roughness and vegetation remain time-invariant, the difference in backscatter between two dates can be related solely to a change in the dielectric properties of the surface i.e., the surface soil moisture content. The ratio method is usually preferred and generally more effective as it is more robust to calibration errors [135] , as shown in Villasensor et al. [138] . Shoshany et al. [139] introduced the normalised radar backscatter soil moisture index (NBMI), similar to the normalised difference vegetation index (NDVI) concept, obtained from the backscatter measurements at two different times (t 1 and t 2 ) over the same location, expressed as: An image difference technique originally proposed by Thoma et al. [93] and later adapted by Thoma et al. [79] , known as the delta index (or Δ-index), is similar to image differencing except that the backscatter difference is divided by the 'dry' reference backscatter image, thereby scaling the index to the soil moisture range. The delta index is defined as: where :
σ°w et = average backscatter from wet soil σ°d ry = average backscatter from dry soil
The Δ-index, like the basic differencing method, accounts for surface features such as roughness and vegetation, provided that they remain unchanged between image acquisitions. Additionally, imagery must be acquired with the same wavelength and viewing geometry (incidence angle and footprint). The resulting backscatter changes between repeat passes can therefore be attributed to changes in soil moisture. This approach has been used successfully used [79, 93, 140] where two techniques, the theoretical IEM and the Δ-index for retrieving surface soil moisture were compared and the Δ-index was found to be a better predictor of soil moisture content.
Principal components analysis (PCA)
Principal components analysis (PCA) or eigenvector analysis is a powerful statistical technique that enhances key spatial patterns in multi-dimensional datasets by transforming a number of correlated variables into a reduced number of uncorrelated variables or components. In terms of remote sensing, PCA is used to generate new image datasets that compress the information contained in a series of multi-temporal images into a reduced number of images [141] , leading to a more parsimonious description of the original data. PCA has traditionally been constrained to multi-spectral optical datasets [142] [143] [144] though its utility when applied to SAR has become more recognised [145] [146] [147] . Verhoest et al. [148] used PCA on a winter time series of C-band SAR images and found the second principal component to be related to soil moisture, indicating that it was possible to separate soil moisture content from the other factors influencing the signal such as topography and vegetation. Similarly Kong and Dorling [149] performed a PCA on ASAR wide swath data, spanning two years, demonstrating that a PCA could be used to monitor soil moisture on surfaces throughout the growing season, at different levels of roughness and vegetation cover.
Interferometric techniques
The soil moisture retrieval approaches discussed above concern only the amplitude of the SAR signal. Repeat-pass SAR interferometry (InSAR), introduced originally for topographic mapping by Graham [150] , makes use of the phase information to calculate the interferometric coherence between two or more SAR scenes to provide additional information, complimentary to that contained in the amplitude of the backscattering coefficient. The phase (φ) of a single SAR image is a measure of the two-way path length of the radar signal from transmitter to ground target back to receiver and is of no practical use on its own. However, when two or more SAR images from slightly different imaging geometries are available, their phase difference (φ 1 -φ 2 ) can be used to generate topographic products such as Digital Elevation Models (DEMs). The interferometric coherence can be used in addition to the amplitude information to increase the accuracy of surface parameter estimates [151] . Previous studies investigating the relationship between InSAR coherence and relative soil moisture content have found promising results [53, [152] [153] [154] . The coherence is a measure of the phase correlation between two co-registered complex SAR images, I 1 and I 2 and is defined as the correlation coefficient: where γ is the coherence, ranging from 0 (no coherence) to 1 (perfect coherence), the brackets < > denote the ensemble average and * denotes the complex conjugate. Several different factors however, contribute to the phase decorrelation of the backscattered signal [155] . For the repeat-pass configuration, the changes in the viewing geometry (baseline) and changes of the surface scatterers between acquisitions (temporal) are the main factors affecting the interferometric phase. The baseline decorrelation is caused by the difference in orbit position from one satellite pass to the next. Temporal decorrelation results from variations in the complex reflection coefficient, which in turn is due to changes in the soil moisture content and/or vegetation. The temporal changes of soil moisture causing decorrelation are, on the one hand, a serious source of error for generating topographic products but, on the other hand, provide valuable information on the moisture changes where a quantitative relationship between the complex correlation coefficient and phase shift induced by soil moisture changes can be established [156, 157] . Other laboratory experiments investigating the decorrelation and phase shift of backscatter due to soil moisture variations also showed that changes in soil moisture caused decorrelation [158] . Luo et al. [159] found similar results and field experiments by Srivastava and Jayaraman [160] also deduced that the decorrelation of the radar signal is mainly due to surface moisture variability. Since temporal decorrelation increases rapidly with frequency according to the expression from [155] : Where σ°y and σ°z are the variances of the random motion components in ground range (y) and height (z), the temporal effects are stronger at C-band than at L-band (since the number of scatterers in a resolution cell decreases for increasing wavelength and phase sensitivity to surface deformation is lower at lower frequencies). Consequently, C-band SAR images are dependent on variations of features similar to that of its wavelength such as crop structure and foliage, whereas L-band SAR images, with their longer wavelengths are more dependent on larger scale vegetation characteristics such as tree branch and trunk structures.
In contrast, Hajnsek et al. [161, 162] investigated the extraction of surface parameters (soil moisture and surface roughness) from interferometric coherences at different polarisations using the decorrelation caused by the additive signal-to-noise ratio (γ SNR ) in two interferometric images (from a single pass interferometric system thereby ignoring temporal decorrelation) and found a high sensitivity of the interferometric coherences to soil moisture variations, especially for low roughness values; 0.2 < ks < 0.5. Topographic variations are, however, not the only factor contributing to the path-length changes and therefore the InSAR phase. Surface displacement also has a considerable effect and can be measured by slightly extending the capabilities of InSAR. These two contributing components can be separated using a technique known as Differential Interferometry (DInSAR) where, typically, two interferograms are subtracted from one another, one of which is a synthetic interferogram containing only topographic information (DEM) resulting in an Interferogram containing only deformation phase information.
DInSAR is the process of producing interferograms from which the topographic phase contribution has been removed, extending the capability of InSAR for the measurement of small ground or surface deformations. Gabriel et al. [163] were the first to propose the technique of Differential Interferometric SAR (DInSAR) for soil moisture estimation using L-band Seasat data over agricultural test sites. They found that the spatial variations in soil moisture could be explained by the phase differences between the separate fields based on the hypothesis that increases and decreases in water content caused expansion or contraction of the soil, thereby causing a change in elevation and thus the SAR scattering centers within the soil. Nolan et al. [164, 165] supported this theory (i.e., that a soil moisture phase signal exists within the interferograms), using C-band for both cultivated and uncultivated land, but could not conclusively verify the hypothesis. Furthering this Hajnsek et al. [166] investigated the use of DInSAR and Polarimetric SAR (PolSAR) at L-band in a fully polarimetric mode using airborne data to estimate surface soil moisture under vegetation cover. However, despite the encouraging results of [163] , where a decrease in phase was correlated to an increase in soil moisture, very few studies have been carried out that were dedicated to the detection of soil moisture using DInSAR. For such studies, the requirement for high coherence tends to limit the study to areas with very little or no vegetation. It is envisaged, however that this constraint may be overcome in future studies by the use of Polarimetric Interferometry (POLinSAR), as discussed below.
Soil Moisture Retrieval Using Polarimetric Parameters
An alternative and more recent technique to address the soil moisture retrieval problem is to use polarimetric parameters, such as coherence (γ), entropy (H), and alpha angle (α). Fully polarimetric SAR (PolSAR) and also Compact Polarimetric SAR [167] [168] [169] [170] measurements have been used to study the dependence of the polarimetric signature on land cover changes and on surface parameters such as soil moisture and surface roughness. The major advantage of using PolSAR over traditional SAR is its ability to measure all the polarisation characteristics of a surface target simultaneously. Conventional spaceborne SARs operate with a single fixed polarisation for both transmission and reception (e.g., Radarsat-1, ERS-1 &2) while now, most current sensors operate with dual (ENVISAT ASAR) or fully (Radarsat-2, TerraSAR-X) polarimetric capabilities, i.e., can measure a target's reflectivity in all combinations of the two linear polarisations: HH, HV, VH and VV (in the case of fully Polarimetric radars). As a result, fully polarimetric radar can describe the complete complex scattering from within an imaged cell, given as [171] : By averaging the outer product of kp , with the assumption that S HV = S VH , the Coherency matrix [T] is formed which describes the scattering effects that cannot be described by [S] [172, 173] . The main characteristic of polarimetric SAR is that it permits the discrimination of the different types of scattering mechanisms within an imaged cell. In comparison to conventional single channel SAR, PolSAR can lead to significant improvements in the quality of data analysis and the accuracy of results achieved. A major limitation, however, for the extraction of surface soil moisture from fully polarimetric SAR is the same as that from single polarisation SAR; the presence of vegetation. Two main approaches that have been used to separate the different scattering mechanisms (and thus compensate for the vegetation effects) are target decomposition algorithms and polarimetric SAR interferometry (PolinSAR). The aim of using decomposition theorems is to repress the influence of secondary scattering processes by breaking down the backscattered signature into the various different scattering contributions coming from the imaged cell. A comprehensive and detailed appraisal of the implementation of all decomposition theorems can be found in [174, 175] however the two main decomposition theorems that are widely used are the Freeman decomposition [176] and the CloudePottier or eigenvector decomposition [174, 177] .
The eigenvector approach uses the diagonalisation of the coherency matrix [T] (24) in order to represent the received backscatter as the sum of three scattering mechanisms, where the first component represents the surface scattering and the second and third components represent secondary or multiple scattering contributions. Following decomposition, the extended Bragg or X-Bragg model, developed by Hajnsek [173] can be used for the quantitative estimation of soil moisture and surface roughness from the surface scattering component of the signal. This model is an extension of the SPM, assumes reflection symmetry, and accounts for cross-polarisation as well as depolarisation effects. The model has been shown in Hajnsek et al. [178, 179] to agree well between inverted and ground measured data. Additionally, the retrieval of surface parameters from the derived entropy (H), anisotropy (A), and alpha angle (α) of the Cloude-Pottier decomposition has been demonstrated in several studies. Hajnsek et al. [161] and Cloude et al. [180] found the anisotropy to be sensitive to surface roughness while the entropy and alpha angle polarimetric parameters have been found effective in estimating surface soil moisture [181] . Cloude [182] developed a dual polarized version of the above-mentioned entropy/alpha decomposition, expanding its use beyond that of only fully polarimetric data. Williams [183] also used compact polarimetry successfully to retrieve soil moisture and roughness for bare soil surfaces.
In addition to the above methods, incorporating polarimetric phase information in the form of complex correlation coefficients has been shown to be sensitive to surface parameters. For example, Mattia et al. [184] determined a significant relationship between the circular polarisation coherence |γ RRLL | (25) and surface roughness while minimising the impact of the dielectric constant. This was also shown in studies by Hajnsek et al. [178] , Schuler et al. [185] and Malhotra et al. [186] . Similarly the linear polarisation coherence γ (HH+VV)(HH-VV) approach [173] has been found to be correlated to surface roughness and be independent of soil moisture content [161] , whereas Cloude & Corr [187] developed a new ratio for soil moisture estimation from polarimetric backscattering coefficients that is non sensitive to surface roughness variations.
Discussion and Conclusions
"Even though the existence, quantity, and nature of all life forms in our planet are highly linked to the distribution and phase of water in the Earth's Biosphere, we have no means today for mapping the spatial distribution or the temporal variability of soil moisture on even a local scale" [188] . Although this quotation is more than 10 years old, its message is just as compelling today as it was then. Despite the technological and analytical advances of the past decade, obtaining accurate and reliable measurements of soil moisture from current and past sensors continues to challenge the scientific community. While the most significant progress has been made with large scale (regional and global) soil moisture retrieval [189, 190] , fine scale (field) soil moisture products are still some time away from becoming operational [140, 191, 192] .
The preference of microwave remote sensors over optical and thermal sensors for soil moisture estimation is due largely to their longer wavelengths compared to visible and infrared radiation and the fact that microwaves are largely unaffected by cloud cover, haze, rainfall, and aerosols and so are not susceptible to atmospheric scattering, which affects the shorter optical wavelengths [193] . The sensitivity of microwave scattering to the dielectric properties and geometric structure of the soil surface has also made radar remote sensing an attractive technique to address a wide range of environmental problems related to the natural surface condition. Two parameters of particular interest that have been the subject of intensive studies for many decades are surface soil moisture and surface roughness. A major limiting factor in the quantitative estimation of soil moisture and surface roughness from SAR is the separation of their individual scattering effects that contribute to the backscattered signal. In addition, the return signal is not only a function of the physical and electrical properties of the target, but also of the wavelength, polarisation and incidence angle of the radar sensor.
As discussed, various theoretical and semi-empirical methods have been developed to try and unravel the scattering problem of electromagnetic waves from randomly rough (or natural) surfaces. The most common theoretical approximate methods are the Kirchoff Approximation (KA) and the Small Perturbation Model (SPM). The SPM [194] assumes that variations in surface height are small compared to the system wavelength and is therefore not suitable for applications using short wavelengths (X and C-band) but more appropriate for longer wavelengths, at L-and P-band [195] . Several empirical and semi-empirical algorithms [10] [11] 57] have been developed to extend the applicability of these theoretical models using a less complex implementation. These models, using only the magnitude of the backscatter generally show accuracies of ± 5%. Despite this, the insufficiency of these models in predicting secondary scattering and depolarisation effects generally results in imprecise soil moisture estimates [162] . Alternative approaches to address the scattering problem and separate soil moisture and roughness effects include the use of multi-configuration parameters, multi-temporal analysis, and interferometric and polarimetric techniques.
Given that the roughness effect on the scattering process is scaled by wavelength, the combination of two or more frequencies ensures a wider coverage of natural surfaces and a more robust estimation [195] . For example, Moran et al. [196] used a dual frequency approach of Ku-band (14.8 GHz) and C-band (5.3 GHz) SAR backscatter to estimate soil moisture. Using this approach, Kuband was used to estimate Leaf Area Index (LAI) for input into the water cloud model to facilitate measuring soil moisture using C-band (as C-band backscatter can be strongly attenuated by increasing LAI). However there are no dual frequency sensors on board currently orbiting satellites. Until such time as they become available, the alternative of exploiting SAR data though fusion with data from optical sensors can offer significant improvements for soil moisture retrieval. Similarly, change detection approaches such as the Δ-index show potential and account for surface features such as roughness and vegetation, provided that they remain unchanged between image acquisitions. A caveat in this type of analysis is this implicit assumption, coupled with the fact that some sensors (e.g., PALSAR) can have repeat cycles as long as 46 days, a condition that can easily violate the Δ-index assumptions and have a substantial effect on the retrieval accuracy.
The use of InSAR and also differential techniques has produced positive results in soil moisture determination using a range of interferometric products, from simply using the coherence to identify areas of unchanged geometry, i.e., constant surface roughness, whereby the changes in backscattering for those places can be related solely to soil moisture variations; to using the temporal decorrelation and also the signal-to-noise decorrelation of the phase shifts to determine soil moisture content. Furthermore, studies utilising DInSAR have indicated that the measurable change in SAR microwave path lengths could also be caused by changes in the penetration depth (and not just surface deformation), which are strongly influenced by soil moisture. However, concerning InSAR, the difficulty in establishing a unified relationship between the average phase shift and soil moisture changes makes the prospect of deriving absolute values of soil moisture complicated using single frequency and single polarisation sensors. Again, it is envisaged that multi-frequency polarimetric sensors will assist in resolving some of these ambiguities [158] and may be the most suitable approach to provide consistent and reliable information on the surface soil moisture content. This, along with the continued progression of Polarimetric SAR Interferometry (POLinSAR) is a promising advance in accurate bio-physical parameter retrieval. [125] [126] [127] [128] help discriminate between the multiple influences on σº.
roughness effects can be minimised. Fine and coarse resolution data can be combined. data).
• SAR & Optical Same as above but with SAR and optical measurements.
Vegetation and roughness effects can be minimised.
Issues in scaling and validation [130] [131] [132] [133] [162, 173, [178] [179] [180] [181] [182] [183] Accurate soil moisture retrieval from SAR remains an enigma. As discussed in this review, a variety of approaches have been developed and analysed. Table 2 gives a brief summary of the five core approaches with their respective advantages and disadvantages. Selection of a certain technique requires careful consideration of the specific research purpose, the major impact factors and the accuracies required, along with some prior knowledge of the study area conditions. Consequently, and despite the considerable progress made in recent decades, there exists no 'all-purpose' technique for wide scale soil moisture estimation using active microwave sensors. The scientific challenge, therefore, for accurate soil moisture retrieval, is to develop techniques that can describe and account for the complex natural surface in its varying states of transition with relative simplicity and precision while minimising the confounding influences of both target and sensor characteristics. Validation of such techniques represents a further challenge in that there lacks suitable datasets with appropriate timeseries. Despite these obstacles, the current generation of space borne SAR sensors, (e.g., ALOS PALSAR, TerraSAR-X and Radarsat-2) operating in fully polarimetric mode in three respective frequencies (L-, X-, and C-bands) along with future planned sensors (see table 1) offer a potential to gain a more in-depth knowledge of soil surface dynamics and ultimately improve soil moisture estimates in the future. 
